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Abstract
Background: Chronic inflammation, which can be modulated by diet, is linked to high white blood cell counts and
correlates with higher cardiometabolic risk and risk of more severe infections, as in the case of COVID-19.
Methods: Here, we assessed the association between white blood cell profile (lymphocytes, basophils, eosinophils,
neutrophils, monocytes and total white blood cells) as markers of chronic inflammation, habitual diet and gut
microbiome composition (determined by sequencing of the 16S RNA) in 986 healthy individuals from the PREDICT-
1 nutritional intervention study. We then investigated whether the gut microbiome mediates part of the benefits of
vegetable intake on lymphocyte counts.
Results: Higher levels of white blood cells, lymphocytes and basophils were all significantly correlated with lower
habitual intake of vegetables, with vegetable intake explaining between 3.59 and 6.58% of variation in white blood
cells after adjusting for covariates and multiple testing using false discovery rate (q < 0.1). No such association was
seen with fruit intake. A mediation analysis found that 20.00% of the effect of vegetable intake on lymphocyte
counts was mediated by one bacterial genus, Collinsella, known to increase with the intake of processed foods and
previously associated with fatty liver disease. We further correlated white blood cells to other inflammatory markers
including IL6 and GlycA, fasting and post-prandial glucose levels and found a significant relationship between
inflammation and diet.
Conclusion: A habitual diet high in vegetables, but not fruits, is linked to a lower inflammatory profile for white
blood cells, and a fifth of the effect is mediated by the genus Collinsella.
Trial registration: The ClinicalTrials.gov registration identifier is NCT03479866.
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Background
Inflammation is a normal component of host defence;
however, elevated unresolved chronic inflammation is a
core perturbation in a range of chronic diseases [1].
Chronic inflammation and activation of immune cells
are key mechanisms in the development of atheroscler-
osis with hypercholesterolemia-induced neutrophil re-
cruitment promoting early atherosclerotic changes [2].
Moreover, inflammation is an important contributor to
type 2 diabetes, via the processes of insulin resistance
and islet β cell failure [3], and increased white blood cell
(WBC) counts are predictive of incidence for type 2 dia-
betes [3, 4]. Neutrophils, which are the predominant cir-
culating WBC in humans, kill and degrade microbes via
the process of phagocytosis [5] and are major effectors
of acute inflammation. They also contribute to chronic
inflammatory conditions [6] including atherosclerosis [2]
and adipose tissue inflammation [7]. Furthermore,
chronic inflammation promotes lymphocyte infiltration
into inflamed non-lymphoid tissues that do not recruit
significant numbers of lymphocytes under normal condi-
tions [8].
In the past decade, the composition of the gut micro-
biome has been identified as a key modifier of chronic
inflammation and cardiometabolic risk [9]. Interactions
between toll-like receptors (TLRs) and NOD-like recep-
tors (NLRs) of the intestinal epithelium and bacterial
pathogen-associated molecular patterns (PAMPs), the
most common being lipopolysaccharide present on the
membrane of Gram-negative bacteria, can result in the
release of proinflammatory cytokines. This results in a
balance between regulation of expression of epithelial re-
ceptors in the gut and stimulation by the gut microbiota.
Independently of this direct interaction between the
gastrointestinal epithelium and constituents of the
microbiota, by-products of bacterial fermentation of
components of the diet can also modulate the immune
system. For example, short chain fatty acids produced
via the fermentation of fibre will inhibit inflammation
via suppression of monocyte and macrophage recruit-
ment and cytokine production [10]. Conversely,
trimethylamine-N-oxide, formed through the microbial
breakdown of choline to trimethylamine after metabol-
ism in the liver, will induce inflammation and athero-
sclerosis via inhibition of cholesterol transport and
promotion of macrophage cholesterol accumulation by
modulating scavenger receptor expression [11, 12]. As
the main site of nutrient absorption, there is a clear
interdependence between the gut microbiome and diet,
with both of these factors interacting with the immune
system [13].
A substantial amount of evidence suggests that many
foods, nutrients and non-nutrient components modulate
inflammation and immune function, both acutely and
chronically [14–16]. In particular, a reduction in inflam-
matory markers (hs-CRP and TGF-ß) has been observed
in individuals adhering to a healthy plant-based diet [17,
18]. More specifically, a role has been proposed for diet-
ary nitrate, the main source of which is leafy green vege-
tables such as spinach and lettuce [19] . In a 12-week
placebo-controlled animal model, nitrate-fed mice had
reduced systemic leukocyte rolling and adherence, circu-
lating neutrophil numbers, neutrophil CD11b expression
and myeloperoxidase activity (an enzymatic marker of
neutrophil tissue infiltration, compared with wild-type
littermates) [20]. Additionally, dietary nitrate administra-
tion was reported to reduce tissue level expression of
myeloperoxidase [21] and oxidative stress [22], a patho-
physiological process closely related to chronic low-
grade inflammation [23].
The COVID-19 pandemic [24] has revealed a signifi-
cantly higher risk of hospitalisation and death among in-
dividuals with cardiometabolic comorbidities, including
type 2 diabetes, hypertension and cardiovascular diseases
[25], with associated endothelial dysfunction [26]. This
has brought to the forefront the key question of how can
inflammatory markers be modulated by diet and what
are the links between diet, gut microbiome and
inflammation.
The aim of this study is to investigate the links be-
tween white blood cell counts (overall and by subtypes),
as markers of chronic inflammation, habitual diet and
gut microbiome composition in the PREDICT-1 Study
[27].
Methods
Study design and participants
We included 986 individuals from the UK-based PRED
ICT-1 study with 16S gut microbiome, white blood cell
profile markers and who completed a food frequency
questionnaire (FFQ). The PREDICT-1 study [27] was a
single-arm nutritional intervention conducted between
June 2018 and May 2019. Study participants were
healthy individuals (thus eliminating potential con-
founders brought about by the presence of infections or
other comorbidities) aged between 18 and 65 years re-
cruited from the TwinsUK registry [28] and the general
population using online advertising. Participants
attended a full day clinical visit consisting of test meal
challenges followed by a 13-day home-based phase, as
previously described [27].
Blood cell count measurements
Blood samples were collected using EDTA tubes for
measurement of the complete blood cell counts. They
were analysed on a blood cell counter (Beckman Coulter,
CA). The following parameters were considered as expo-
sures: WBC; total and differential WBC count (109 cells/
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L), including lymphocytes, monocytes, neutrophils, eo-
sinophils and basophils.
Inflammatory markers
Levels of IL-6 were measured by Affinity Biomarkers,
London, using the standardised Human Proinflamma-
tory panel 1 assay kit (cat number K151A0H-1), distrib-
uted by Meso Scale Discovery.
Dietary information
Habitual dietary information was estimated via food fre-
quency questionnaires (FFQs), and nutrient intakes were
determined using FETA software to calculate macro-
and micronutrient [29]. FFQs were excluded if more
than 10 of 187 food items were left unanswered or if the
estimated total energy intake derived from FFQ as a ra-
tio of the subject’s estimated basal metabolic rate (deter-
mined by the Harris–Benedict equation) [29] was more
than 2 standard deviations outside the mean of this ratio
(< 0.52 or > 2.58), as previously described [27]. From
FFQs, intake for fruit and vegetables was quantified by
the number of portions and grams. In addition to total
vegetable intake, 5 categories of vegetables were gener-
ated from characteristics, including allium, cruciferous,
green leafy, yellow and other (as explained in Table S1).
Nitrate intake was estimated from 19 vegetables that
overlapped with the European Food Safety Authority
panel on nitrates in vegetables [19], where European
member states were requested to report nitrate concentra-
tions in individual vegetable samples. To ensure compar-
able levels of performance between laboratories, strict
requirements to commission regulation (No. 1882/2006)
were in place. Over 21 states provided 40,861 data points
[19]. Mean (mg/kg) and median (mg/kg) nitrate concen-
trations for each type of vegetable were then estimated
[19], facilitating nitrate content (mg) per portion for 19
vegetables from our FFQ to be calculated. For each vege-
table, nitrate per portion was multiplied by reported quan-
tity consumed. Then, nitrate intake from all 19 vegetables
was summated to generate total nitrate intake.
The plant-based diet index
Two versions of the plant-based diet index were consid-
ered [30]: the healthy plant-based index (h-PDI) and the
unhealthy plant-based index (u-PDI). Eighteen food
groups (amalgamated from the FFQ food groups) were
assigned either positive or reverse scores after segrega-
tion into quintiles [31]. For the h-PDI, positive scores
were applied to the ‘healthy’ plant foods, with a score of
5 given to those in the highest quintile and 1 in the low-
est, and a reverse score to the ‘less-healthy’ plant foods
and the animal-based foods. Scores were then summated
with possible scores ranging from 18 to 90 (18 food
groups scored at a minimum 1 and maximum 5). The
opposite arrangement was applied to the u-PDI, a posi-
tive score to ‘less-healthy’ and a negative score to
‘healthy’ plant foods.
Stool-sample collection
Participants collected a stool sample at home prior to
their clinical visit using the EasySampler collection kit
(ALPCO). Upon receipt at the laboratory, samples were
homogenised, aliquoted and stored at − 80 °C in Qiagen
PowerBeads 1.5-ml tubes (Qiagen) as previously de-
scribed [27].
Microbiome 16S RNA gene sequencing
Gut microbiome composition was determined by 16S
rRNA gene sequencing carried out as previously de-
scribed [27]. Briefly, the V4 region of the 16S rRNA gene
was amplified and sequenced Genomescan. Quality con-
trol of the reads was carried out using the ‘filterAnd-
Trim’ function from the DADA2 package, truncating
eight nucleotides from each read to remove barcodes,
discarding all reads with quality less than 20, discarding
all reads with at least one N and removing the phiX Illu-
mina spike-in. Only paired-end reads with at least 120
bp and with an expected DADA2 error less than 4 were
retained for downstream analyses. Merged reads were
further processed, and only reads within 280 and 290 bp
were retained, representing the majority of the distribu-
tion of the lengths. Reads were further processed to re-
move chimeras. Finally, taxonomy was assigned using
the SILVA database (version 132) using the ‘assignTax-
onomy’ function, requiring a minimum bootstrap value
of 80, to obtain a table of relative abundances of oper-
ational taxonomic units. The relative abundance values
were normalised using the arcsine square root trans-
formation as described elsewhere [27]. The arcsine
square root transformation is a monotonic transform-
ation useful for improving normality as the variance of
the distribution results more stable and has been previ-
ously used in finding associations using a general linear
model [32] and for detecting a microbial signature in
colorectal cancer patients [33].
Lipoprotein profiling by nuclear magnetic resonance
Circulating levels of triglyceride (TG) and glycoprotein
A (GlycA) were measured by Nightingale Ltd. (previ-
ously known as Brainshake Ltd., Finland, https://www.
brainshake.fi/) from fasting serum samples using
500 Mhz proton nuclear magnetic resonance spectros-
copy as previously described [34].
Statistical analysis
Statistical analysis was carried out using Stata version 12.
We ran linear regression to evaluate the associations
between white blood cell counts and (i) fruit and
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vegetable; (ii) microbiome abundances; (iii) markers of
inflammation; and (iv) cardiometabolic phenotypes in-
take, adjusting for age, gender, BMI and multiple testing
using false discovery rate (q < 0.1). All traits were stan-
dardised to have mean 0 and 1 SD to allow effect com-
parison across traits.
We used all OTUs that were present in at least 70% of
all participants (n = 690). This resulted in a total of 85
OTUs with a mean relative abundance of 1.1%. Using
this cut-off to achieve a q < 0.1 allows to test for 510 in-
dependent tests (85 OTUs × 6 traits) with a nominal
alpha of 0.00019. This sample size and the cut-off used
have 80% statistical power to observe correlations be-
tween OTU relative abundances and the six traits inves-
tigated with r = 0.17 or higher.
We further employed mediation analysis as implemented
in the Stata package ‘medeff’ to test the mediation effects of
gut microbiome diversity (indirect effect) on (i) the total ef-
fect of vegetable intake on white blood cells (lymphocytes);
(ii) the total effect of dietary nitrate on white blood cells
(lymphocytes), adjusting for age, gender and BMI. We fur-
ther adjusted for family relatedness. A mediation model iden-
tifies the mechanism underlying an observed relationship
between an independent variable (X- here vegetable intake
or nitrate intake) and a dependent variable (Y- here lympho-
cytes) via the inclusion of the mediator variable (M- here gut
microbiome diversity). Rather than a direct causal relation-
ship between vegetable intake/nitrate and lymphocytes, a
mediation model proposes that the independent variable
(vegetable intake/nitrate) influences the mediator variable gut
microbiome diversity, which in turn influences the
dependent variable lymphocytes. As such, the mediation
model provides greater understanding between the relation-
ship between an independent variable and a dependent vari-
able when these variables do not have an obvious direct
connection. We constructed a mediation model to quantify
both the direct effect of vegetable intake/dietary nitrate on
white blood cells and the indirect (mediated) effects men-
tioned above. A full mediation is indicated in the case where
the direct effect c’ is not significant, whereas the indirect ef-
fect a × b is significant. This means only the indirect effect
via the mediator exists. All other situations under the condi-
tion that both the direct effect c’ and the indirect effect a × b
are significant represent partial mediation [35].
The variance accounted for (VAF) score, which repre-
sents the ratio of indirect-to-total effect and determines
the proportion of the variance explained by the mediation
process, was further used to determine the magnitude of
the mediation effect [36]. A VAF exceeding 80% supports
an additional argument for a full mediation [35].
Results
The descriptive characteristics of the study population
are presented in Table 1. Of the 1002 PREDICT-1
participants [27], here we included 986 individuals (of
which 246 twin pairs) with 16S gut microbiome, white
blood cell profile markers and who completed an FFQ.
The average energy intake of the included subjects was
2345.97 Kcal and comprised of 262.36 g carbohydrates,
109.19 g fat and 80.75 g protein, surpassing current UK
intake of 1860.00 Kcal, 224.00 g carbs and 76.90 g pro-
tein [37], in line with NHS guidelines of at least 260.00 g
of carbohydrates [38].
We found that WBC were positively correlated with
higher postprandial glycaemic response, higher levels of




M to F 277:726
Age, years 45.65 11.96








Dietary measures % EI
Energy, Kcal 2345.97 851.37
Carbohydrate, g 262.36 100.37 44.70
Fat, g 109.19 48.09 41.90
Protein, g 80.75 28.54 13.80
Vegetable intake*, portions 5.55 2.91
Fruit intake*, portions 2.76 1.90
h-PDI score 59.48 7.31
u-PDI score 59.23 6.68
Clinical measures
SBP, mmHg 109.85 12.87
DBP, mmHg 74.10 8.70
IL6 0.74 1.21
Fasting glucose, mmol/L 7.55 1.13
Glucose at 60 min, mmol/L 5.74 1.50
Glucose at 120 min, mmol/L 5.45 1.27
Insulin rise 30 min, mmol/L 60.19 51.26
Insulin rise 120 min, mmol/L 31.24 27.58
Fasting triglycerides, mmol/L 1.07 0.54
Triglycerides at 360 min, mmol/L 1.90 1.20
Abbreviations: BMI body mass index, WBC white blood cells, EI energy intake,
h-PDI healthy plant-based diet index, u-PDI unhealthy plant-based diet index,
SBP systolic blood pressure, DBP diastolic blood pressure, IL6 interleukin-6, *
energy adjusted
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the proinflammatory cytokine IL-6, higher GlycA (a
marker of systemic inflammation and cardiovascular dis-
ease risk [39]), higher glycated haemoglobin and post-
prandial insulin, consistent with such counts being
markers of chronic inflammation and cardiometabolic
risk (Fig. 1). Lymphocytes, basophils and WBC counts
were all significantly correlated with lower habitual in-
take of vegetables, with vegetable intake explaining be-
tween 3.59 and 6.58% of white blood cells (Fig. 1) after
adjusting for age, gender, BMI and multiple testing using
false discovery rate (q < 0.1). The results were consistent
when further adjusting for family relatedness. No such
association was observed with fruit intake (Fig. 1). We
also found that (i) all WBC (but monocytes) are nega-
tively correlated with having a healthy diet, measured via
the Healthy PDI score [30], and (ii) all but lymphocytes
are positively correlated with having an unhealthy diet,
measured via the Unhealthy PDI score [30].
We then examined the association between WBC and
bacterial abundances (genera present in at least 70% of
the sample). We identified 2 genera significantly associ-
ated with lymphocytes, one with basophils, one with eo-
sinophils and one with monocytes after adjusting for
age, gender, BMI and multiple testing using FDR correc-
tion (FDR < 0.1) (Fig. 2 and Supplementary Table 2).
These include the following: (i) the positive correlation
of lymphocytes and Collinsella, a microbe known to be
linked to intake of processed foods and to increase risk
of fatty liver [40, 41]; (ii) the positive correlation of both
basophils and eosinophils with Clostridia; (iii) the nega-
tive correlation of lymphocytes with Christensenella-
ceae_R-7_group; and (iv) the negative correlation of
monocytes with Ruminococcus_1.
In addition, we found that Collinsella abundances were
positively correlated with both eosinophils and WBC
and negatively correlated with vegetable intake as well as
with nitrate intake.
We therefore conducted a formal mediation analysis
to determine the indirect effect of the gut microbiome
(Collinsella) on the effect between vegetable intake and
lymphocytes. The analysis found that the Collinsella
acted as potential partial mediator in the negative associ-
ation between vegetable intake and lymphocytes (VAF =
20.00% [11.12%, 67.04%] P < 0.001) (Fig. 3) and in the
negative association between nitrate intake and lympho-
cytes (VAF = 12.79[8.25; 28.15%] P < 0.0001).
Discussion
Here, we investigated the relationship between white
blood cells, habitual diet and gut microbiome compos-
ition. When we investigated links with habitual diet, we
found that high vegetable intake, particularly green leafy
and cruciferous vegetables, correlated with lower levels
of white blood cell counts. No such relationship was
seen with fruit intake, which may be a consequence of
the relatively high sugar content of fruit compared to
vegetables [42] and that a high sugar diet has been
shown to be pro-inflammatory [42, 43]. On the other
hand, it may be due to the presence of compounds com-
mon in vegetables but not in fruits. This would exclude
plant-based food components such as dietary fibre or
polyphenols, which are found both in fruit and vegeta-
bles [44] and tend to be higher in fruits. We hypothe-
sised that it could be dietary nitrate content, which has
been related to improved cardiometabolic outcomes
[45], increased nitric oxide production and altered
Fig. 1 Each cell of the matrix contains the standardised regression coefficient between one white cell trait and a food item or clinical trait and
the corresponding p value. The table is colour coded by correlation according to the table legend (red for positive and blue for
negative correlations)
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inflammation and immune function [18]. Approximately
60–80% inorganic nitrate exposure in the human diet is
contributed by vegetable consumption [46]. Although in-
organic nitrate is a relatively stable molecule, under spe-
cific conditions, it can be metabolised in the body to
produce nitrous oxide (NO) via the nitrate–nitrite–NO
pathway. NO is a major signalling molecule in the
human body and has a key role in maintaining vascular
tone, smooth muscle cell proliferation, platelet activity
and inflammation [46, 47]. In animal models, dietary ni-
trate has been shown to attenuate endothelial dysfunc-
tion in animals fed a high-fat diet [48] or with diabetes
[49], and has equivalent effects to those of metformin on
glucose/insulin homeostasis and even larger effects
Fig. 2 White blood cell–microbiome associations. Analyses adjusted by age, sex, BMI and multiple testing using FDR correction (q < 0.1)
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regarding protection against cardiovascular dysfunction
and liver steatosis [50]. We indeed find that nitrate con-
tent is also correlated with lower blood cell counts cor-
responding to lower cardiometabolic risk. Specifically, an
increase in total WBC, lymphocytes, monocytes and
neutrophil counts has been associated with higher CVD
risk and total white blood cell count could potentially
serve as a marker to predict CVD risk [51].
We then investigated the links between inflammatory
cell profiles and gut microbiome composition and found
that in particular the genus Collinsella was significantly
associated with both lower vegetable intake and higher
blood cell counts. In particular, the relative abundance
of Collinsella explains 20% of the effect of vegetable in-
take on lymphocyte cell counts. The genus Collinsella
has been previously reported to be significantly associ-
ated with higher risk of liver steatosis [40]. Moreover, its
abundance in gnotobiotic mice increases with an in-
creased intake of highly processed foods containing ad-
vanced glycation end products (AGEs) which are present
in many heat-processed foods rich in starch, including
potato chips and French fries [41]. Our data suggest that
the abundance of Collinsella may be negatively affected
by vegetable intake or nitrates. Nitric oxide production
has been postulated as a possible molecular mechanism
for the cardiometabolic risk reduction seen with the
vegetable-rich Mediterranean diet [52]. Importantly, two
Collinsella species were the key taxa whose abundances
decrease as a result of a Mediterranean diet intervention
in a 12-month intervention in 612 elderly participants
across 5 European countries [53] further highlighting
the link between the benefits of a high-nitrate vegetable-
rich diet and low Collinsella abundance. Our results sug-
gest that this may be enhanced or mediated by the lower
Fig. 3 Mediation analysis of the association between (a) vegetable intake and (b) dietary nitrate and lymphocytes count. Average direct effect
(ADE) and average causal mediation effects (ACME) are reported (*P < 0.05; **P < 0.01; ***P < 0.001)
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abundance of the genus Collinsella, which in turn in-
creases upon intake of processed foods. There have been
previous studies that have shown the association of the
microbiome with blood cell dynamics including associa-
tions with neutrophil to lymphocyte ratios that are corre-
lated with the prognosis of multiple diseases including
inflammatory and cardiovascular disease [13, 54, 55]. In
the current study, we were able to infer for the association
of the microbiota on systemic immune cell dynamics and
how these could potentially be modulated via the diet.
We note some study limitations. First, this is an obser-
vational study with cross-sectional data and we have not
carried out a vegetable intake intervention to assess its
effect on pro-inflammatory cell count profiles. Future
studies should investigate the causality of the observed
decrease in white blood cell counts. Second, we have not
been able to measure nitric oxide production in our
samples as faecal samples were immediately processed
for DNA extraction as per protocol and no supernatant
for nitrates was therefore available. Third, we have used
FFQs rather than other methods for assessing dietary in-
take. FFQs have become a well-accepted method for
quantitative assessment of usual nutrient intake [54], but
being recall data are subject to some bias. However, the
value of FFQs for assessing dietary composition has been
documented objectively by correlations with biochemical
indicators and the prediction of outcomes in prospective
studies [55, 56]. On the other hand, the data presented
here links gut microbiome, cell counts and diet in a
deeply phenotyped cohort and helps generate specific
hypotheses to design dietary intervention studies aimed
at reducing pro-inflammatory white cell profiles.
Conclusion
Here, we link the gut microbiome, cell counts and diet in
a deeply phenotyped cohort, setting a foundation to gen-
erate specific hypotheses to be tested in dietary interven-
tion studies aimed at reducing pro-inflammatory white
cell profiles. Our data highlight the link between vegetable
dietary intake, reduced abundance of a bacterial genus,
which increases with the intake of processed foods (Col-
linsella), and higher levels of immune-response cells in-
volved in inflammatory processes. Very recently, the
direct functional links between gut microbiome compos-
ition and immune response in humans [55] have been
demonstrated in the 10-year follow-up of 2000 cancer pa-
tients. The next step, which our work contributes to ad-
dress, is understanding the dietary patterns and specific
nutrients involved in modifying the gut microbes that in-
fluence immune-response cells. Understanding such links
can help develop dietary interventions to reduce inflam-
matory patterns involved in a vast array of pathophysio-
logical processes from response to infections, to cancer
and chronic cardiometabolic diseases.
Supplementary Information
The online version contains supplementary material available at https://doi.
org/10.1186/s12916-021-01913-w.
Additional file 1: Table S1. Vegetables aggregated to characteristic
groups. Table S2. Standardised coefficients and 95%CI of FDR (q < 0.1)
significant white blood cell and gut microbiome association adjusting for
age, sex and BMI.
Abbreviations
AGE: Advanced glycation end products; BMI: Body mass index; FFQ: Food
frequency questionnaire; h-PDI: Healthy plant-based index; u-PDI: Unhealthy
plant-based index; VAF: Variance accounted for; WBC: White blood cells
Acknowledgements
We express our sincere thanks to the participants of the PREDICT-1 study.
Authors’ contributions
Obtained funding: JW, RD and TDS. Conceived and designed the
experiments: CM, TDS and AMV. Analysed the data: CM, PL, FA, GP, NS and
AMV. Contributed reagents/materials/analysis tools: AV, SA, SEB, EL, RG and
MM. Wrote the manuscript: CM and AMV. Revised the manuscript: all. The
authors read and approved the final manuscript.
Funding
This work was supported by Zoe Global and also received support from
grants from the Wellcome Trust (212904/Z/18/Z) and the Medical Research
Council (MRC)/British Heart Foundation Ancestry and Biological Informative
Markers for Stratification of Hypertension (AIMHY; MR/M016560/1). TwinsUK
is funded by the Wellcome Trust, Medical Research Council, European Union,
Chronic Disease Research Foundation (CDRF), Zoe Global and the National
Institute for Health Research (NIHR)-funded BioResource, Clinical Research
Facility and Biomedical Research Centre based at Guy’s and St Thomas’ NHS
Foundation Trust in partnership with King’s College London. CM was
supported by the MRC AIMHY grant and by the Chronic Disease Research
Foundation. PB was supported by the Chronic Disease Research Foundation.
SEB was supported in part by a grant funded by the BBSRC (BB/NO12739/1).
NS received support from the European Research Council (ERC-STG project
MetaPG), the European H2020 program (ONCOBIOME-825410 project and
MASTER-818368 project) and the National Cancer Institute of the National
Institutes of Health (1U01CA230551). AMV was supported by the National
Institute for Health Research Nottingham Biomedical Research Centre.
Availability of data and materials
The data used in this study are held by the department of Twin Research at
KCL. The data can be released to bona fide researchers using our normal
procedures overseen by the Wellcome Trust and its guidelines as part of our
core funding (https://twinsuk.ac.uk/resources-for-researchers/access-our-data/
). The 16S microbiome data will be uploaded onto the EBI website (https://
www.ebi.ac.uk/) with unlimited access.
Ethics approval and consent to participate
Ethical approval was obtained from the St. Thomas Hospital research ethics





SEB, TDS and AMV are consultants to Zoe Global Ltd. (‘Zoe’). GH and JW are
employees of Zoe Global Limited. Other authors have no conflict of interest
to declare.
Author details
1Department of Twin Research and Genetic Epidemiology, King’s College
London, St Thomas’ Hospital Campus, Westminster Bridge Road, London SE1
7EH, UK. 2Department of Nutritional Sciences, King’s College London,
Franklin-Wilkins Building, Stamford St, London SE1 9NH, UK. 3School of
Medicine, University of Nottingham, Academic Rheumatology Clinical
Menni et al. BMC Medicine           (2021) 19:37 Page 8 of 10
Sciences Building, Nottingham City Hospital, Hucknall Road, Nottingham NG5
1PB, UK. 4National Institute for Health Research (NIHR) Nottingham
Biomedical Research Centre, Nottingham University Hospitals NHS Trust and
the University of Nottingham, Nottingham, UK. 5Department CIBIO, University
of Trento, Via Sommarive 9, 38123 Povo, Trento, Italy. 6Zoe Global Ltd, 164
Westminster Bridge Rd, Bishop’s, London SE1 7RW, UK. 7NIHR Biomedical
Research Centre at Guy’s and St Thomas’ Foundation Trust, London SE1 9RT,
UK.
Received: 23 September 2020 Accepted: 14 January 2021
References
1. Ortega-Gomez A, Perretti M, Soehnlein O. Resolution of inflammation: an
integrated view. EMBO Mol Med. 2013;5(5):661–74.
2. Drechsler M, Megens RT, van Zandvoort M, Weber C, Soehnlein O.
Hyperlipidemia-triggered neutrophilia promotes early atherosclerosis.
Circulation. 2010;122(18):1837–45.
3. Gu Y, Hu K, Huang Y, Zhang Q, Liu L, Meng G, Wu H, Xia Y, Bao X, Shi H,
et al. White blood cells count as an indicator to identify whether obesity
leads to increased risk of type 2 diabetes. Diabetes Res Clin Pract. 2018;141:
140–7.
4. Kashima S, Inoue K, Matsumoto M, Akimoto K. White blood cell count and
C-reactive protein independently predicted incident diabetes: Yuport
Medical Checkup Center Study. Endocr Res. 2019;44(4):127–37.
5. Greenlee-Wacker MC. Clearance of apoptotic neutrophils and resolution of
inflammation. Immunol Rev. 2016;273(1):357–70.
6. Kolaczkowska E, Kubes P. Neutrophil recruitment and function in health and
inflammation. Nat Rev Immunol. 2013;13(3):159–75.
7. Talukdar S, Oh DY, Bandyopadhyay G, Li D, Xu J, McNelis J, Lu M, Li P, Yan
Q, Zhu Y, et al. Neutrophils mediate insulin resistance in mice fed a high-fat
diet through secreted elastase. Nat Med. 2012;18(9):1407–12.
8. Sakai Y, Kobayashi M. Lymphocyte ‘homing’ and chronic inflammation.
Pathol Int. 2015;65(7):344–54.
9. Valdes AM, Walter J, Segal E, Spector TD. Role of the gut microbiota in
nutrition and health. BMJ. 2018;361:k2179.
10. Vinolo MA, Rodrigues HG, Nachbar RT, Curi R. Regulation of inflammation
by short chain fatty acids. Nutrients. 2011;3(10):858–76.
11. Koeth RA, Wang Z, Levison BS, Buffa JA, Org E, Sheehy BT, Britt EB, Fu X, Wu
Y, Li L, et al. Intestinal microbiota metabolism of L-carnitine, a nutrient in
red meat, promotes atherosclerosis. Nat Med. 2013;19(5):576–85.
12. Tang WH, Wang Z, Levison BS, Koeth RA, Britt EB, Fu X, Wu Y, Hazen SL.
Intestinal microbial metabolism of phosphatidylcholine and cardiovascular
risk. N Engl J Med. 2013;368(17):1575–84.
13. Belkaid Y, Hand TW. Role of the microbiota in immunity and inflammation.
Cell. 2014;157(1):121–41.
14. Calder PC, Ahluwalia N, Brouns F, Buetler T, Clement K, Cunningham K,
Esposito K, Jonsson LS, Kolb H, Lansink M, et al. Dietary factors and low-
grade inflammation in relation to overweight and obesity. Br J Nutr. 2011;
106(Suppl 3):S5–78.
15. de Souza CO, Vannice GK, Rosa Neto JC, Calder PC: Is palmitoleic acid a
plausible nonpharmacological strategy to prevent or control chronic
metabolic and inflammatory disorders? Mol Nutr Food Res. 2018;62(1).
16. Childs CE, Calder PC, Miles EA: Diet and immune function. Nutrients. 2019;
11(8):1933.
17. Bolori P, Setaysh L, Rasaei N, Jarrahi F, Yekaninejad MS, Mirzaei K. Adherence
to a healthy plant diet may reduce inflammatory factors in obese and
overweight women-a cross-sectional study. Diabetes Metab Syndr. 2019;
13(4):2795–802.
18. Raubenheimer K, Bondonno C, Blekkenhorst L, Wagner KH, Peake JM,
Neubauer O. Effects of dietary nitrate on inflammation and immune
function, and implications for cardiovascular health. Nutr Rev. 2019;nuz025.
19. EFS A. Nitrate in vegetables: scientific opinion of the panel on contaminants
in the food chai. The EFSA Journal. 2008;689:1–79.
20. Khambata RS, Ghosh SM, Rathod KS, Thevathasan T, Filomena F, Xiao Q,
Ahluwalia A. Antiinflammatory actions of inorganic nitrate stabilize the
atherosclerotic plaque. Proc Natl Acad Sci U S A. 2017;114(4):E550–9.
21. Jadert C, Petersson J, Massena S, Ahl D, Grapensparr L, Holm L, Lundberg
JO, Phillipson M. Decreased leukocyte recruitment by inorganic nitrate and
nitrite in microvascular inflammation and NSAID-induced intestinal injury.
Free Radic Biol Med. 2012;52(3):683–92.
22. Sindler AL, Devan AE, Fleenor BS, Seals DR. Inorganic nitrite
supplementation for healthy arterial aging. J Appl Physiol (1985). 2014;
116(5):463–77.
23. Vaziri ND, Rodriguez-Iturbe B. Mechanisms of disease: oxidative stress and
inflammation in the pathogenesis of hypertension. Nat Clin Pract Nephrol.
2006;2(10):582–93.
24. Menni C, Valdes AM, Freidin MB, Sudre CH, Nguyen LH, Drew DA, Ganesh S,
Varsavsky T, Cardoso MJ, El-Sayed Moustafa JS, et al. Real-time tracking of
self-reported symptoms to predict potential COVID-19. Nat Med. 2020;26(7):
1037–40.
25. Chen T, Wu D, Chen H, Yan W, Yang D, Chen G, Ma K, Xu D, Yu H, Wang H,
et al. Clinical characteristics of 113 deceased patients with coronavirus
disease 2019: retrospective study. BMJ. 2020;368:m1091.
26. Varga Z, Flammer AJ, Steiger P, Haberecker M, Andermatt R, Zinkernagel AS,
Mehra MR, Schuepbach RA, Ruschitzka F, Moch H. Endothelial cell infection
and endotheliitis in COVID-19. Lancet. 2020;395(10234):1417–8.
27. Berry SE, Valdes AM, Drew DA, Asnicar F, Mazidi M, Wolf J, Capdevila J,
Hadjigeorgiou G, Davies R, Al Khatib H et al: Human postprandial responses
to food and potential for precision nutrition. Nat Med. 2020;26(6):964–73.
28. Verdi S, Abbasian G, Bowyer RCE, Lachance G, Yarand D, Christofidou P,
Mangino M, Menni C, Bell JT, Falchi M, et al. TwinsUK: the UK adult twin
registry update. Twin Res Hum Genet. 2019;22(6):523–9.
29. Mulligan AA, Luben RN, Bhaniani A, Parry-Smith DJ, O’Connor L, Khawaja
AP, Forouhi NG, Khaw KT, Study EP-NF. A new tool for converting food
frequency questionnaire data into nutrient and food group values: FETA
research methods and availability. BMJ Open. 2014;4(3):e004503.
30. Satija A, Bhupathiraju SN, Spiegelman D, Chiuve SE, Manson JE, Willett W,
Rexrode KM, Rimm EB, Hu FB. Healthful and unhealthful plant-based diets
and the risk of coronary heart disease in U.S. adults. J Am Coll Cardiol. 2017;
70(4):411–22.
31. Asnicar F, Berry SE, Valdes AM, Nguyen LH, Piccinno GM: Microbiome
connections with host metabolism and habitual diet from the PREDICT 1
metagenomic study. Nat Med. 2021.
32. Morgan XC, Tickle TL, Sokol H, Gevers D, Devaney KL, Ward DV, Reyes JA,
Shah SA, LeLeiko N, Snapper SB, et al. Dysfunction of the intestinal
microbiome in inflammatory bowel disease and treatment. Genome Biol.
2012;13(9):R79.
33. Thomas AM, Manghi P, Asnicar F, Pasolli E, Armanini F, Zolfo M, Beghini F,
Manara S, Karcher N, Pozzi C, et al. Metagenomic analysis of colorectal
cancer datasets identifies cross-cohort microbial diagnostic signatures and a
link with choline degradation. Nat Med. 2019;25(4):667–78.
34. Soininen P, Kangas AJ, Wurtz P, Suna T, Ala-Korpela M. Quantitative serum
nuclear magnetic resonance metabolomics in cardiovascular epidemiology
and genetics. Circ Cardiovasc Genet. 2015;8(1):192–206.
35. Cepeda Carrión G, Nitzl C, Roldán JL. Mediation analyses in partial least
squares structural equation modeling: guidelines and empirical examples.
In: Latan H, Noonan R, editors. Partial least squares path modeling. Cham:
Springer; 2017. p. 173–95.
36. Tingley D, Yamamoto T, Hirose K, Keele L, Imai K: mediation: R package for
causal mediation analysis. J Stat Softw. 2014;59(5).
37. Results from years 7 and 8 (combined). . In: National Diet and Nutrition
Survey. UK: Public Health England, F. S. A. ; 2018.
38. NHS. Reference intakes explained. 2020. https://www.nhs.uk/live-well/eat-
well/what-are-reference-intakes-on-food-labels/. Accessed 30 Nov 2020.
39. Connelly MA, Otvos JD, Shalaurova I, Playford MP, Mehta NN. GlycA, a novel
biomarker of systemic inflammation and cardiovascular disease risk. J Transl
Med. 2017;15(1):219.
40. Astbury S, Atallah E, Vijay A, Aithal GP, Grove JI, Valdes AM. Lower gut
microbiome diversity and higher abundance of proinflammatory genus
Collinsella are associated with biopsy-proven nonalcoholic steatohepatitis.
Gut Microbes. 2020;11(3):569–80.
41. Wolf AR, Wesener DA, Cheng J, Houston-Ludlam AN, Beller ZW, Hibberd
MC, Giannone RJ, Peters SL, Hettich RL, Leyn SA, et al. Bioremediation of a
common product of food processing by a human gut bacterium. Cell Host
Microbe. 2019;26(4):463–77 e468.
42. O’Connor L, Imamura F, Brage S, Griffin SJ, Wareham NJ, Forouhi NG. Intakes
and sources of dietary sugars and their association with metabolic and
inflammatory markers. Clin Nutr. 2018;37(4):1313–22.
43. Yildirim OG, Sumlu E, Aslan E, Koca HB, Pektas MB, Sadi G, Akar F: High-
fructose in drinking water initiates activation of inflammatory cytokines and
testicular degeneration in rat. Toxicol Mech Methods. 2019;29(3):224–32.
Menni et al. BMC Medicine           (2021) 19:37 Page 9 of 10
44. Mompeo O, Spector TD, Matey Hernandez M, Le Roy C, Istas G, Le Sayec M,
Mangino M, Jennings A, Rodriguez-Mateos A, Valdes AM et al: Consumption
of stilbenes and flavonoids is linked to reduced risk of obesity
independently of fiber intake. Nutrients. 2020;12(6):1871.
45. Siervo M, Scialo F, Shannon OM, Stephan BCM, Ashor AW. Does dietary
nitrate say NO to cardiovascular ageing? Current evidence and implications
for research. Proc Nutr Soc. 2018;77(2):112–23.
46. Jackson J, Patterson AJ, MacDonald-Wicks L, McEvoy M. The role of
inorganic nitrate and nitrite in CVD. Nutr Res Rev. 2017;30(2):247–64.
47. Lidder S, Webb AJ. Vascular effects of dietary nitrate (as found in green leafy
vegetables and beetroot) via the nitrate-nitrite-nitric oxide pathway. Br J
Clin Pharmacol. 2013;75(3):677–96.
48. Peng R, Luo M, Tian R, Lu N. Dietary nitrate attenuated endothelial
dysfunction and atherosclerosis in apolipoprotein E knockout mice fed a
high-fat diet: a critical role for NADPH oxidase. Arch Biochem Biophys. 2020;
689:108453.
49. Tian R, Peng R, Yang Z, Peng YY, Lu N. Supplementation of dietary nitrate
attenuated oxidative stress and endothelial dysfunction in diabetic vasculature
through inhibition of NADPH oxidase. Nitric Oxide. 2020;96:54–63.
50. Cordero-Herrera I, Guimaraes DD, Moretti C, Zhuge Z, Han H, McCann
Haworth S, Uribe Gonzalez AE, Andersson DC, Weitzberg E, Lundberg JO,
et al. Head-to-head comparison of inorganic nitrate and metformin in a
mouse model of cardiometabolic disease. Nitric Oxide. 2020;97:48–56.
51. Lassale C, Curtis A, Abete I, van der Schouw YT, Verschuren WMM, Lu Y,
Bueno-de-Mesquita HBA. Elements of the complete blood count associated
with cardiovascular disease incidence: findings from the EPIC-NL cohort
study. Sci Rep. 2018;8(1):3290.
52. Shannon OM, Stephan BCM, Minihane AM, Mathers JC, Siervo M. Nitric
oxide boosting effects of the Mediterranean diet: a potential mechanism of
action. J Gerontol A Biol Sci Med Sci. 2018;73(7):902–4.
53. Ghosh TS, Rampelli S, Jeffery IB, Santoro A, Neto M, Capri M, Giampieri E,
Jennings A, Candela M, Turroni S, et al. Mediterranean diet intervention
alters the gut microbiome in older people reducing frailty and improving
health status: the NU-AGE 1-year dietary intervention across five European
countries. Gut. 2020;69(7):1218–28.
54. Yoon HY, Kim HN, Lee SH, Kim SJ, Chang Y, Ryu S, Shin H, Kim HL, Lee JH.
Association between neutrophil-to-lymphocyte ratio and gut microbiota in
a large population: a retrospective cross-sectional study. Sci Rep. 2018;8(1):
16031.
55. Schluter J, Peled JU, Taylor BP, Markey KA, Smith M, Taur Y, Niehus R, Staffas
A, Dai A, Fontana E, et al. The gut microbiota is associated with immune
cell dynamics in humans. Nature. 2020;588(7837):303–7.
Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.
Menni et al. BMC Medicine           (2021) 19:37 Page 10 of 10
